Background: In this paper we present multilevel models of individuals' residential history at multiple time points through the life course and their application and discuss some advantages and disadvantages for their use in epidemiological studies. Methods: Literature review of research using longitudinal multilevel models in studies of neighbourhood effects, statistical multilevel models that take individuals' residential history into account, and the application of these models in the Oslo mortality study. Results: Measures of variance have been used to investigate the contextual impact of membership to collectives, such as area of residence, at several time points. The few longitudinal multilevel models that have been used suggest that early life area of residence may have an effect on mortality independently of residence later in life although the proportion of variation attributable to area level is small compared to individual level. The following multilevel models have been developed: simple multilevel models for each year separately, a multiple membership model, a cross-classified model, and finally a correlated cross-classified model. These models have different assumptions regarding the timing of influence through the life course. Conclusions: To fully recognise the origin of adult chronic diseases, factors at all stages of the life course at both individual and area level needs to be considered in order to avoid biased estimates. Important challenges in making life course residential data available for research and assessing how changing administrative coding over time reflect contextual impact need to be overcome before these models can be implemented as normal practice in multilevel epidemiology.
Introduction
Recent years have seen a renewed interest in multilevel studies to assess the health impact of area level context [1] . Determinants, both physical and social may be spatially clustered and affect health independently of the composition of individuals. Studies tend to indicate moderate effect sizes on mortality of fixed characteristics, such as area deprivation [2, 3] . And the modelling of area level heterogeneity or variance, studying causes of this variance, and decomposing the total individual variance in its different components (i.e., between and within contexts) by measures like the variance partition coefficient [4] , provide complementary information on the degree of clustering at the collective level [5, 6] .
The majority of studies have ignored life course factors at multiple levels that could be influential for individuals' health, such as residential history [7] [8] [9] or life-time socioeconomic position. Individuals may move into deprived neighbourhoods because of health problems or other factors related to disease risk. Over the life course, people may move into areas for reasons based on individual health status, direct selective migration, or for reasons indirectly related to health, such as via health behaviour or risk factor for disease. Those who remain in more deprived and unhealthy neighbourhoods may be more acculturated in these neighbourhoods, while those moving out of these may do so with the aim of finding a neighbourhood with cultural values that are more in line with their own values [10] . How much selective migration contributes to neighbourhood inequalities is poorly understood and the results from previous studies have been mixed [10, 11] . Alternatively, areas may have causal effects on people's health. The spatial distribution of health plays an important role in practical public health in the assessment of the burden of inequalities in health which makes this an important area of research [12] .
Studies including residential history will need rich data on people's addresses over time and pose challenges for researchers developing testable hypotheses and statistical models. Moving on from simple multilevel models where individuals are nested within one higher unit only at one time point, a number of more advanced statistical multilevel models have been developed [13] [14] [15] . Research on chronic diseases in adult age at individual level has suggested that some of these may develop over the life course [16] . This has important research implications for neighbourhood studies as well. But the validity of these multilevel models taking individuals' life course into account in epidemiological research has not been assessed until very recently [17] and their application in public health research has yet to be discussed. Despite the current policy interest in the influence of neighbourhoods and health, the evidence base is still rather weak [18] . We will present here multilevel models of individuals' residential history at multiple time points through the life course from earlier work and review conceptually how these statistical models are related to a life course epidemiological approach. We will also present some practical advantages and disadvantages for their application in epidemiological studies.
Results from empirical studies using longitudinal multilevel models
Ecological studies have related childhood place of birth to adult mortality [19] [20] [21] . Curtis et al. found some evidence of the effect of residential neighbourhood in childhood on mortality in adulthood using a cross-classified model with two time points [22] . The Oslo mortality study also used a cross-classified model. In the youngest age group, area of residence closest to the time of death was most important [23] . In older age groups, area of residence at all time points in the period studied seemed to have a similar influence. Cardiovascular deaths were related to earlier as well as later area of residence in both young and old age groups. For violent and psychiatric causes, the most recent area may be the most important. In the British household study, a multiple membership model was used to model physical and mental functioning [24] .
The Oslo mortality study
The population was inhabitants in Oslo 1990 aged 30-69 years who had been resident in the city from 1960 to 1990. Census information on individuals from 1960, 1970, 1980, and 1990 and mortality follow up from 1990-98 was used. All participants had their residential neighbourhood recorded at each census. In order to know if people moved from one neighbourhood to another for the statistical models, a geographically consistent neighbourhood definition through the period was needed. The 1960 definition of neighbourhood codes was thus applied by GIS to neighbourhoods in 1970, 1980, and 1990 because new coding systems were introduced as new neighbourhoods developed with higher resolution, making the oldest the only one that was applicable to the whole period given the data available.
For all models in the Oslo mortality study we consider that individual i lived in neighbourhood j 60 in 1960, j 70 in 1970, j 80 in 1980, and j 90 in 1990: y ij 60 j 70 j 80 j 90 . Some individuals may have lived in the same neighbourhood in 1970 as in 1960, in which case j 60 ¼ j 70 . If we ignore the fact that people may have lived in different neighbourhoods through their life course and the additional effect this may have had on mortality risk, we may choose a baseline subscript for neighbourhood, jÀ, to indicate that neighbourhood of residence across the life course. Then
This is a single time point model where we assume a logit link to model the probability of death ijÀ for individual i residing in neighbourhoodj. We may restrict covariate information to age groups so that differences in mortality risk between neighbourhoods must be explained by factors other than age.
This is the commonly used multilevel model of neighbourhood effects on health for dichotomous outcomes with binomial distributions. Individuals are nested within neighbourhoods as shown by the classification diagram in Figure 1A . In this case X ij denotes the fixed effect of age on mortality risk across all individuals i residing in any neighbourhood j. Over and above this, there may be variation between neighbourhoods given by u j referring to the departure in neighbourhood j from the probability of death in the average neighbourhood. This is the random part of the model. We assume these residuals u j have a normal distribution with mean 0 and a variance 2 u of mortality risk across neighbourhoods such that
This model can be extended if we assume a neighbourhood effect u YR,j of living in neighbourhood j in year YR on subsequent mortality. The full model can then be written as
The neighbourhood departures from the overall probability of death, u YR,j , are given for each year the individual was living in any particular neighbourhood. Moving from single time point models introduces additional complexity as there are various options on how to model this additional effect of residential history. Multiple membership models are used when an individual is a member of more than one higher level unit at the same time: see classification diagram in Figure 1B . These models have been developed in an educational context in which pupils may receive their education from more than one school simultaneously [25] . An argument for extending the model like this could be that if pupils went to more than one school this could influence the school effect on the education that that pupil receives. By ignoring the fact that pupils go to more than one school, the model would accordingly be underspecified as the true school effect might not be fully estimated. Multiple membership models require the specification of weights associated with each high level unit. In the absence of such information, we can assign weights proportional to the number of times an individual was observed to live in each neighbourhood. In the case of the Oslo mortality study, each individual has resided in between one and four neighbourhoods (and may therefore be a ''member'' of more than one neighbourhood).
The full life course effect of residential neighbourhood is given by the sum of the weighted influence individual i has obtained through living in different neighbourhoods. If one individual lives for 5 years in a detrimental neighbourhood whereas another lives for 10 years in the same neighbourhood, this can be taken into account.
When there is no strict hierarchical structure to higher level units cross-classified models can be specified ( Figure 1C ). These models comprise individuals nested within a cross-classification of two differing hierarchies such as pupils nested within a cross-classification of schools and neighbourhoods. In our example we have four classifications relating to each census year. The variance associated with each year is now freely estimated, giving us the relative contribution of the four time points. The correlation between neighbourhoods over time is assumed to be zero such that there is no relationship between the effects of the same neighbourhood over time. This can be extended allowing for correlation between neighbourhoods at the various time points in the correlated cross-classified model ( Figure 1D ). Table I shows the variance in mortality associated with each time point for each of the four cohorts. For each cohort, the variance associated with residence in 1990 was greater than for the previous years. In most years, the variance was greater for the younger cohort than for the other three cohorts, but the credible intervals were also wider for the youngest cohort. Also shown are the total area variances (from the four time points) for those who lived in the same area at all four censuses. Since there was a positive correlation between areas over time -areas associated with high (low) mortality at one time were also likely to be associated with high (low) mortality at another timethe total of the area variances for those who lived in the same area at all four times was greater than that for those who moved areas one or more times between censuses. This distinguishes the correlated cross-classified model from the cross-classified model; for the latter model, the areas are assumed to be independent over time and so the total of the area variances would not depend on the number of moves between censuses. There was a clear gradient in the total area variances from a low of 0.17 in the oldest cohort to a high of 0.55 in the youngest. Table I then shows the proportion of the area variance attributable to each time point. For those aged 60-69 in 1990, the largest proportion (40%) of the area variance was attributable to the area of residence in 1980. For all other cohorts, the area of residence in 1990 was the most important (i.e. was associated with the highest proportion of the variance). For the youngest cohort, as much as 68% of the area variance was associated with the most recent time point.
Results of applying different models to the Oslo mortality study
Two measures for the interpretation of the variances are presented (Table I) : the intraclass correlation coefficient and the median odds ratio (MOR). The intraclass correlation coefficient was calculated assuming a threshold model [26] and shows the proportion of the total variance (i.e. including individual level variance) attributable to each time point. These were quite small; for the oldest cohort, residence at each time point constituted between 0.3% and 1.1% of the total variance. The minimal influence of areas may reflect the heightened importance of individual (as opposed to contextual) factors for these ages, possibly related to chronic diseases predominating among the causes of death at these ages. Also it will reflect the relatively large sizes of the areas; smaller areas may better reflect the neighbourhoods in which people live and be associated with a stronger clustering of health outcomes including mortality. However, area of residence across the life course was still associated in total with a reasonable proportion of the variance -ranging from 4.9% in the oldest cohort up to 14.3% in the youngest. The MOR is the median of all pairwise comparisons between individuals from different, randomly chosen areas [27] and can be compared with other odds ratios. The largest MOR for the oldest cohort was that associated with residence in 1980 (1.20) and the MOR associated with the total contributions from all areas was 1.48. In contrast, the MORs for the youngest cohort ranged from 1.16 in 1970 to 1.64 in 1990, with an MOR for all areas of 2.03.
Assumptions in lifecourse multilevel models
The single time point model assumes that measuring neighbourhood residence at one point in the life course is sufficient to assess the impact of neighbourhoods on ill health, the starting point for our discussion here (Figure 1) . Results indicate that the single [22, 23, 28] . The multiple membership model makes the simplifying assumption that neighbourhood effects are constant over time which is illustrated in Table II where equal weight is given to each time point, i.e. exactly 25% [25] . This means that the effect of neighbourhood j on mortality in the Oslo study is assumed to be the same regardless of whether an individual lived in that neighbourhood in 1960 or 1990, i.e. without regard as to how the circumstances of the neighbourhood might have changed or how the effect of a neighbourhood may differ at various stages of the life course. But a substantive research question in life course epidemiology is to estimate the relative influences at different stages of the life course [29] .
The cross-classified model allows the neighbourhood effects to vary freely across time assuming a given effect of neighbourhood j at one time point is independent of that of the other time points, thus ignoring the correlation of neighbourhoods over time as if these neighbourhood effects represent uniquely different localities at each time point which is unlikely to be realistic. The correlated crossclassified model provides a means to take account of such correlation over time. Both models suggest the increased importance associated with the most recent area of residence for this cohort, something that the multiple membership model cannot estimate (Table II ). This last model was found to provide a better fit to the data than any of the other models considered [28] .
Advantages and disadvantages in using individuals' residential history
In comparison to the individual body which is clearly delineated by the skin, the collective body lacks intuitive boundaries [6] . Individuals within a collective may have more in common with respect to health enhancing or damaging factors than those outside the group because they share social boundaries and contextual influences. This collective body may be defined by the physical landscape and geography (air pollution or toxic waste) but also by cultural limits as a reflection of how individuals perceive and define boundaries based on social interaction in complex societies [30] . Administratively coded boundaries will not necessarily correspond to and capture the health impact of the collectives to which individuals belong. Moreover, individuals may belong to several collectives such as residence and workplace. What is at issue here is the importance of taking into account membership of collectives over the life course as there is convincing evidence that exposures from the full life course influence disease risk for diseases like coronary heart disease and chronic obstructive pulmonary disease [31] . Several models have been adopted [16] : a critical period model suggests that exposures acting at specific time points have longlasting effects on bodily functions and structures. Another model of the life course suggests that effects accumulate over the life course. The models are not necessarily mutually exclusive but may be more or less important depending on the disease outcome and exposure of interest [32, 33] . The cross-classified model may correspond to the critical period model in which the relative impact of neighbourhood along the life course is estimated whereas the multiple membership model estimates the accumulated life-time effect of neighbourhoods. Neighbourhoods change over time. In the Oslo mortality study, neighbourhoods that were sparsely populated in 1960 became heavily populated suburban neighbourhoods over time. Administrative area definitions often change in response to changes in the population. The models used required similar coding over time making it possible to estimate migration between neighbourhoods and our data had to be recoded for this purpose. The Oslo mortality study, despite being a register study comprising the whole population, gave neighbourhood effects with wide confidence intervals from the cross-classified model, making it difficult to disentangle independent effects along the life course. Smaller neighbourhoods may give larger effects, i.e. the modifiable area unit problem [34] . This illustrates the challenges of having sufficient longitudinal data. Future research should investigate the impact of changes in coding through the life course.
The relevance of longitudinal multilevel models for neighbourhood research
Social and environmental factors at the neighbourhood level have gained attention among researchers as plausible and important health determinants [35, 36] . Causality has increasingly become a concern in epidemiology [37]. But, as Oakes notes, little attention has been paid to this in neighbourhood studies [9] . Social stratification may confound comparisons between individuals and neighbourhoods making identification of separate effects impossible.
A paradox emerges if we perfectly specify the factors responsible for selecting people into neighbourhoods, as this is likely to reduce the neighbourhood variances 2 u to zero, leaving little to be explained by neighbourhood factors [38] . Neighbourhood characteristics are to a large extent determined by the individual characteristics of the residents and such endogenous factors [39] are inseparable from contextual factors [12] . Properties of neighbourhoods may to a large extent reflect the type of person living there and are not exogenous exposures. Oakes argues for a counterfactual causal model for estimating neighbourhood effects [40] : what would person i's health be under alternative (counterfactual) neighbourhood conditions? According to the counterfactual line of reasoning for causal inference in neighbourhood research and observational studies more generally, the causal effect on individual i needs to be identifiable [9] . That means the average effect estimated in models identifies the causal effect had individual i artificially been moved from neighbourhood j 1 to j 2 . According to Oakes, this is only possible in community randomised trials. These trials are often not feasible to conduct for the full scope of potential neighbourhood determinants [5] and ignore the time dimension as it is difficult to randomise people into a full life time of raised cholesterol or blood pressure at the individual level [41, 42] while living in a deprived environment at neighbourhood level.
Studies have documented that early life confounding explained a claimed protective effect of vitamins on coronary heart disease [43] . Neighbourhood research could benefit from a similar approach by testing if specific neighbourhood level exposures are explained by early life individual or neighbourhood level factors. Naess et al. found that the contextual effect of neighbourhood level education a short time prior to death, and area variances, were to a large extent explained by individual level early life socioeconomic deprivation, suggesting that multilevel contextual effects are underspecified with respect to early life confounders [44] . Selection and accumulation over the life course are probably intimately related and difficult to disentangle in both individual and neighbourhood level studies.
Life course epidemiology has attempted to study the influence of the timing of various exposures through the life course. Air pollution illustrates a similar research challenge as we do not know whether air pollution merely has a short term effect on fragile people or whether the effect builds up over the life course. Both air pollution and social deprivation are likely to cluster at neighbourhood level and confound the causal effect of air pollution as reported in the Oslo mortality study [45] . Longitudinal data could further this by either taking the accumulated residential history into account in a multiple membership model or disentangling the impact of residential history at separate time points in a cross-classified model. The correlated cross-classified model -which in essence is a combination of the multiple membership and cross-classified models -has the potential to inform the user as to the relative contribution of accumulated and critical period effects. This could inform investigators about early life bias and the nature of causal associations through the life course but will not fundamentally solve the endogeneity problem in neighbourhood studies and observational studies in general. Causal inference from a counterfactual point of view would require stronger designs such as community randomised trials or natural experiments using family based studies or case-crossover designs [46, 47] .
The models discussed here relate to the random part of multilevel modelling -the neighbourhood level variance. Rather than seeing this as a nuisance in an attempt to identify the mean (fixed) contextual effects of aggregated or integral characteristics of areas net of composition of age and other individual factors, estimating variance may add substantive information into the boundaries of the collectives to which individuals belong. Merlo et al. have pointed out that understanding variance is at the cornerstone of public health research as an expression of inappropriate health variation [6] .
Longitudinal multilevel models add to this by providing the means to explore variation across the life course which may be relevant for many chronic diseases. Using only recent spatial variation for many of these outcomes is likely to give a biased picture as causes of variation may have roots in early life. Future research on neighbourhood effects should consider this. Important challenges in making life course residential data available for research and assessing how changing administrative coding over time reflect contextual impact needs to be overcome before these models can be implemented as normal practice in multilevel epidemiology.
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